While climate change is widely regarded as a threat to food security in southern Africa, few studies attempt to link the science of climate change impacts on agriculture with the specificities of smallholder livelihoods. In this paper, we build a series of linear programming (LP) farm-household models in Zambia in order to assess the impact of climate change on rural households and likely changes in land use and crop management. The LP models represent three household types (smallholders, emergent farmers, and female-headed households) in three agro-ecological zones with divergent cropping patterns and climate trends. Model parameters are drawn from several nationally representative rural household surveys, local meteorological records, and downscaled climate predictions of the Hadley (HadCM3) and CCSM models for the year 2050. The calorie-maximizing LP models are calibrated to best reflect baseline crop distributions at each site. Statistical analyses of crop yields over nine years reveal that crops in Zambia exhibit varying levels of sensitivity to climate shocks, and under climate change scenarios, the LP models indicate that farmers will shift their choices of technologies and crops. Among smallholder farms, calorie production from field crops changes by -13.56 to +5.13% under the Hadley predictions and -10.61 to +9.79% under the CCSM predictions. Although farm-households are expected to meet their consumption requirements even under climate change scenarios, the probability of falling below a minimum threshold of calorie production increases in two of our three study sites, and this is particularly true for smallholder farmers who face binding land constraints. Given the current choice set, autonomous on-farm adaptation generally will not be enough to offset the negative yield effects of climate change.
Introduction
Inter-annual variability in climatic conditions is an important determinant of crop output in Zambia. Over 90% of smallholder crop production is rain-fed, making yield shortfalls from unpredictable rainfall a major risk for farmers (Siegel and Alwang 2005) . Maize production has been consistently poor in seasons with low rainfall (Jain 2006) , although Zambia also experiences heavy localized floods that threaten agricultural production. The general climate outlook for southern Africa is characterized by rising temperatures and an increased frequency and severity of extreme weather events (IPCC 2013a) .
Studies of the food security impacts of climate change often assume zero or complete adaptation, either predicting food production changes with cropping choices held constant, or estimating regional yield potential without consideration of the likely choices to be made by farmers (Seo and Mendelsohn 2008 ).
Yet farmers do select adaptation strategies from within their choice set, including the adoption of new crops, cultivars, and management regimes. It has been found that warmer temperatures are already prompting the abandonment of mono-cropping systems in lieu of multiple cropping and mixed croplivestock systems (Hassan and Nhemachena 2008) . While acknowledging the potential for adaptation, it is important to note that such strategies are not always available: Food insecure households face a limited choice set due to the costs and perceived risks of adaptation, imperfect access to input and output markets, and lack of insurance and credit. A decision to switch varieties or crops will depend, not only on each crop's sensitivity to climate, but also on the crops' relative profitability. Smit et al. (1999) distinguishes between autonomous and planned adaptations to climate change:
Autonomous adaptations include the farm-level selection of a new crop mix from existing choices, while planned adaptations include agricultural research and development of new crop varieties suited to a changing climate. It is imperative to understand the likelihood and impact of autonomous adaptation in order to identify the most beneficial planned adaptations.
Most studies of climate change impacts on agriculture have been carried out at relatively low spatial resolution, such as the national, regional, or global scale (Thornton et al. 2010) . Yet the household level is where food scarcity is ultimately experienced and where decisions about production, investment, risk management, and consumption are made in most rural societies (Ziervogel et al. 2006) . Thornton et al. (2010) observe that there remain "real difficulties in making the connections between relatively coarse climate models and the spatial and temporal scales at which appropriate adaptation information is really needed." The IPCC has therefore stressed the importance of assessing the effects of climate change and possible adaptation strategies at the agricultural system or household level. However, in a recent literature review, Van Wijk et al. (2012) find that only 3% of the publications considered were smallholder-or farm-household-level studies of climate change adaptation. Morton (2007) similarly observes that few studies connect the science of climate change impacts on agriculture with "the specificities of smallholder and subsistence systems". We hope to fill this gap in the literature.
In this paper, we construct a series of farm-household models of representative household types (smallholders, emergent farmers, and female-headed households) from three agro-ecological regions in Zambia, and then simulate household behavior with the expected yields predicted under climate change scenarios. Households maximize calorie production, and model results include the objective function value, the amount of land and labor devoted to different crop activities, and the binding constraints that drive results. We identify how adaptation patterns differ across different household types and quantify the extent to which simple farm-level measures will be enough to offset expected losses. To capture the probabilistic nature of agricultural production, we further explore the probability distributions of crop production with a stochastic simulation of climate variables.
The paper is organized as follows: Section 2 provides a brief literature review related to mathematical programming models and climate variability/ change. Sections 3 and 4 summarize the data sources and introduce our study sites. Section 5 describes the LP model, and section 6 explains the statistical method used to estimate the yield impacts of climate change across Zambia. Section 7 compares the model solutions at baseline to present-day conditions at each site. Section 8 presents the results and discussion of the model solutions under climate change scenarios, and section 9 contains concluding remarks.
Mathematical programming farm-household models
A mathematical programming (MP) farm-household model is able to integrate the multiple objectives, activity options, and obstacles faced by smallholder farmers in order to better understand the trade-offs that drive farmer decisions under a changing climate. When the objective function is linear, this is known as a linear programming (LP) model. A LP model solves for optimal resource allocations within a typical farm-household, subject to a set of constraints. These may include available cash and land, seasonal labor constraints, and the level of available technology. This type of whole-firm optimization model acknowledges that new crops or cultivars are not adopted solely on the basis of productive potential. By including a realistic set of activities and constraints, it is able to consider the opportunity costs of different activity mixes in order to account for the likelihood of on-farm adaptation (Hazell and Norton 1986) .
Several studies have combined MP models with a stochastic simulation of climate variables. Keil et al. (2009) study the impact of El Niño oscillations on agricultural incomes in Indonesia, combining climate and hydrologic models, statistical crop yield functions, the stochastic simulation of weather variables, and a LP model. The probability distributions of model outcomes are then used to quantify a representative household's vulnerability to El Niño impacts. Heidecke and Heckelei (2010) also build a stochastic optimization model to analyze the impact of changing water inflows on the distribution of farm income in Morocco. The authors feed random water quantities into statistical crop models and then run a Monte Carlo simulation of a regional model, as though a social planner first observes the water flow outcome and then optimizes among cropping activities. Hansen et al. (2009) examine the value of seasonal rainfall forecasts in Kenya and use a Monte Carlo simulation with GCM-sourced weather predictions, so that the farmer observes a random climate outcome for the upcoming season and then optimizes among farm activities. Letson et al. (2005) also consider the value of forecasts of El Niño oscillation phase in Argentina. The authors enter synthetically-generated stochastic weather outcomes into a set of crop simulation models, and the LP model is solved iteratively, given the oscullation phase along with random prices and yields. Once the farm model is solved for optimal land allocations, the authors constrain the model to these settings to simulate the outcomes over many years. The authors then estimate of certainty equivalences of utility with and without seasonal forecasts.
Data
This study references several household-level data sets for rural Zambia. These include a series of circulation models (GCMs). We assume the A1B emissions scenario, in which future energy sources are balanced across renewable and nonrenewable sources. Future predictions are downscaled to a 6 km 2 resolution and then averaged over the area of our study sites. Future monthly predictions are downscaled to a resolution of 6 km 2 and then averaged over the area of our study sites.
Study sites
The farm-household models are intended to reflect conditions in three study sites across Zambia ( Figure   1 ). These sites are selected based on their location entirely within a given agro-ecological region and livelihood zone (with the exception of site 3, which spans two such zones) (Zambia VAC 2004) , and their proximity to a meteorological station with consistent historical record-keeping.
Study site 1 in the south is characterized by a hot and dry climate with average rainfall of approximately 600-700 mm/ year, although the area is prone to weather extremes of both droughts and floods. The site is populated by Tonga people, and livestock-rearing plays a prominent role in the local economy, with cattle widely used for plowing. Site 2, located in agro-ecological zone (AEZ) IIa, is characterized by high rainfall and relatively fertile soil. This is also the most densely populated of our three sites, and approximately one quarter of households self-identify as being female-headed. Site 3 is located in AEZ III, with fertile soils and rainfall of over 1,000 mm/ year. Livestock-keeping is limited due to the high burden of livestock disease. Unlike other regions in Zambia, the staple crops in this zone include both maize and cassava, and site 3 experiences the fewest average months per year without food stocks. This area is sparsely populated and characterized by a particularly poor road network (Zambia VAC 2004) .
Descriptive statistics of the three sites are provided in Table 1 . All farm-level decisions on land preparation and planting are assumed to be made at the beginning of the agricultural season (or in the case of cassava production, the first season), with no contingency plan based on weather outcomes partway through the season. Following Siegel and Alwang (2005) , we assume that non-crop production activities occur only during nonworking times, with no trade-off between on-farm work and off-farm household and income-generating activities. We further assume that economic factors and government policies are fixed, such that climate is the only variable driver of the production process.
The farm-household model

Overview
While not realistic, this condition prevents the model from growing too complex and limits the need for assumptions about future price trends. This study intends to capture the impact of climate change only as it is experienced through changes in crop yield.
The household's objective is assumed to be the maximization of calorie production:
subject to input requirements for each crop activity and the household's resource constraints:
and the non-negativity constraint:
where X j = level of the j th cropping activity (hectares allocated to crop regime j) C ij = cost of input i used for one hectare of production of activity j a ij = quantity of resource i required for one hectare of production of activity j b i = amount of resource i available to the farm-household K j = calories produced from one hectare of production of activity j
The model assumes that crop production is of the Leontief functional form, such that all inputs can be scaled up proportionally to produce more of a given crop activity. The "calorie content" of cotton is translated through the market to equal the amount of maize grain that can be purchased at local prices with the monetary value of cotton sales. This is the only crop for which the sales price implicitly enters the objective function. The model is solved using the simplex LP method.
It should be noted that we have considered numerous variations of the model and alternate objective functions in the model validation process. These include the maximizations of profit and the weighted ratio of calories-to-cost, which can also be thought of as a maximization of the rate of return (a "bang for buck" strategy). A nonlinear mean-variance analysis of profit was also conducted. In these cases, a safety-first constraint was included in which the household must produce or acquire a minimum number of calories per adult equivalent. In addition, we have considered the use of flexibility constraints, which ensure the inclusion of specific non-cash crops in model solutions. For the emergent farmer, we included the options to rent land and hire in labor at the market rate, with local agricultural wages derived from survey data. Among these variations of the model, we select the maximization of calories without any flexibility constraints in order to best mirror baseline patterns in each site, and to allow the model to adjust freely to new climate conditions. The other baseline results are not reported here.
Model components
Crop activities
Activities included in the model for each site are listed in Table 2 . To select these activities, we first reference the CFS to identify the common crops and crop regimes in each study site. A regime is defined as a combination of cultivar and management choices, including seed type (local or hybrid/ improved), tillage method (hand or plough), fertilizer use (fertilizer applied or not applied), and time of land preparation (before or after the start of rainy season). Because the common regimes do not necessarily represent a diverse range of management practices, we also include some less common regimes. This loosely follows the model construction of Siegel and Alwang (2005) .
Crop yields
Average and median yields for each crop regime are presented in Table 3 , though the model is parameterized with median values. Cases of zero yield, as when a farmer is not able to harvest anything from a field, are dropped for yield estimates and all analyses in this paper. When fewer than 30 observations can be found within a study site, the geographic range is expanded to the province. In the model, we do not account for expected losses in storage.
Labor requirements
For maize, cassava, and rice, the amount of time required for different activities (land preparation, planting, fertilizer application, weeding, harvest, and post-harvest activities) is estimated from the CFS, while estimates for the remaining crops are taken from a secondary source (Siegel and Alwang 2005) .
The timeline of these tasks for a "typical year" was produced in a series of focus group discussions with farmers at each site. An example of the labor timeline from site 2 is given in Table 4 . Table 5 contains an example of variable costs for site 2, with all costs reported at farmgate prices and only median values reported. Herbicides and pesticides are omitted, as they are used by only a small proportion of Zambian households (4.36% and 12.22%) (source: RALS 12). Both variable costs and median sales prices are averaged over the years for which information is available, and gross margins of all crop activities are given in Table 6 . For cotton and cassava, which are thought to quickly deplete the soil of nutrients (Howeler 1991) , we impose an additional requirement that the household leave fallow an area of land equal to what is planted to these crops. For example, the model may select 0.5 ha of cotton but must also leave 0.5 ha of land in fallow. This captures farmers' concerns about the maintenance of soil fertility, a factor that would not be reflected in the model without this condition.
Crop budgets
Household composition and endowments
The models are constrained by the average landholding size in each site for specific household types (Table 7) . Smallholders are defined as those with landholdings (excluding rented/ borrowed land) below 5 ha, while emergent famers are those with landholdings between 5 and 20 ha. A female-headed household (FHH) is defined as any household that self-identifies as being headed by a woman, and this group therefore overlaps with the other two categories. The models also include a budget constraint, and these are estimated with reference to available information on household expenditures in each study site (Table 8) , as well as the budget that drives the model to the most "valid" solutions at baseline. The composition of a typical household determines the labor endowment of the representative household, along with its consumption needs. Assuming that each household member between the ages of 15 and 59 is able to contribute 20 seven-hour workdays per month to farm labor (following Siegel and Alwang 2005), we also estimate the household labor available for each two-week interval (Table 9 ).
Yield effects of climate change
Climate predictions
To understand the baseline climate conditions in each site, we match districts to nearby meteorological stations and summarize the historical data collected by the Zambia Meteorological Department. We average the records of Choma and Kafue meteorological stations (site 1), Chipata and Petauke stations (site 2), and Mbala and Kasama stations (site 3). These cover precipitation records for 50 or 60 years (1960/61 or 1950/51-2009/10 ) and temperature records for 31 years (1979/80-2009/10 ). The average temperature, rainfall, and monthly coefficient of variation of rainfall over the growing season are given in Table 10 .
We refer to the IPCC (2013b) for predictions of rainfall and temperature around the year 2050 for one relatively "wet" climate model that predicts rainfall increases in Zambia (CCSM) and one relatively "dry" model (Hadley). CCSM also predicts a slight decrease in intra-seasonal variation in rainfall, as measured by the coefficient of variation across months. Future predictions are converted into a proportion change from baseline with reference to WorldCLIM, a climate grid that represents baseline climate conditions (Table 10 ).
Statistical yield models and climate impacts
Statistical yield functions are used to capture crop sensitivity to seasonal rainfall and temperature variation, and these are based on field-level data collected over nine years for which we have both seed type and weather data. We first aggregate the yield observations from field-to district-level, as such spatial aggregation has been found to produce more reliable results. This is because noise in the explanatory variables induces attenuation bias, whereas aggregation to broader spatial scales cancels out the measurement errors at individual locations (Lobell and Burke 2010) . In this study, measurements errors are found in yield estimates of farmers and climate measures that do not capture microclimatic variations. We train the model on yield data from all of Zambia rather than construct a time-series model for each site. Although this restricts all sites to the same yield-climate relationship, this approach expands the sample size and exploits the wider variation in both temperature and rainfall found across the country.
The linear yield models are of the form:
where yield = kgs/ha, t = year, d = district, c = crop, s = seed type (improved vs. local), f = fertilizer use (yes vs. no), rain dt = total rainfall in district d and year t over the November-March period, CVrain dt = the coefficient of variation in monthly rainfall over the five-month season in district d and year t, average temperature dt = the average of nighttime lows and daytime highs over the five-month season in district d and year t, and districts = district dummy variables. No time trend is included because we do not expect to find meaningful technological changes during the eleven-year study period. Furthermore, the latter years are all characterized by unusually high rainfall, making it difficult to isolate the impact of technological advances.
Regressors are selected with a (forward) stepwise variable selection procedure based on the Akaike Information Criterion (AIC) (Rowhani et al. 2011; Holzkämper et al. 2012) . All season-level variables and district fixed effects included in equation (1) are candidate regressors. For local cassava, with a growing period that extends over two seasons, the model includes both the previous and current years'
weather outcomes as candidate climate regressors. Goodness of fit is based on the AIC in order to minimize the number of climate predictors, as too many variables may lead to over-fitting and a model that is difficult to interpret (Lobell et al. 2007) . Once the yield functions are specified, yield estimates under alternate seasonal climate conditions can be calculated. For a given crop regime, these may differ across sites when baseline conditions differ and/or when the predicted changes in climate variables differ between sites. The estimated yield changes based on the Hadley and CCSM climate predictions are given in Table 11 , with an example of the yield functions for site 2 in Table 12 .
Note that these point estimates do not account for uncertainty in both the GCMs and the statistical models. While statistical yield models are able to capture poorly understood processes related to climate, such as erosion, pest behavior, and pollination dynamics, they do have several drawbacks. They are necessarily simple and unable to capture interactive effects of multiple climate variables; there is an assumption of stationarity when used to project the yield impacts of future climate change; and it is uncertain how well they can project beyond the historical range of observed climate conditions (Lobell and Burke 2010; Lobell et al. 2007 ). However, statistical models are able to provide yield estimates across the entire range of field crops that are relevant to farmers in Zambia.
Although the estimated yield impacts of climate change differ under the Hadley and CCSM predictions, the relative impacts across crops are similar under both scenarios. Furthermore, the yield impacts occur mostly through changes in temperature rather than precipitation. Several crops seem to be particularly robust to climate change. Sunflower and cassava are generally unaffected by climate, while cotton seems to benefit from increased temperatures. These results are not surprising, as cassava has elsewhere been found to be neutral or even to benefit from climate change in Africa (Blanc 2012; Jarvis et al. 2012; Liu et al. 2008) . Cotton yields are elsewhere predicted to increase with climate change in Cameroon (Gerardeaux et al. 2013 ). Other crops appear quite sensitive to climate change in Zambia, including millet and sorghum, and similar results are seen in other studies (Blanc 2012; Butt et al. 2005) .
Validation of baseline model
To select the appropriate objective function and ensure that the model reflects baseline crop choices in reality, we first run the model with a variety of objectives and constraints. Annual budget constraints are chosen to both reflect actual input expenditures (Table 8) and to direct the model to reflect baseline levels of welfare in each site. We validate the model by comparing results to the actual crop distribution (inclusive of fallow land) for each household type, as seen in the household surveys (Table 13 ). The percent of land that is "re-directed" away from the actual crop distribution is calculated for each model solution, and we aim to minimize this value, i.e. to best mirror reality. We also validate the model by comparing results to the average gross value of crop production, as well as calorie production from field crops (excluding cotton) for each household type (Table 14) .
Based on this exercise, we determine that the objective of all households should be the maximization of total calorie production, subject to the constraints of household labor and owned land. The model omits any flexibility constraints, as this allows the model to respond freely to a shock. The budget constraints for the smallholder and FHH models differ at each site, and the FHH is allotted 25 ZMK less than the smallholder in order to reflect FHHs' lesser expenditure on cash inputs, as well as the institutional constraints on income generation for FHHs. Baseline results are found in Table 15 . Some models produce quite favorable results of the validation tests, notably the smallholder model in site 2 and emergent farmer in site 3.
It is somewhat surprising that the smallholder household consistently produces the fewest calories/ AE/ day, rather than the category of FHHs. However, while FHHs have tighter labor constraints and less land, they also have lower calorie requirements than other household types. Table 14 provides empirical support for the validity of our model results. T-tests for significance of the difference in crop calories/ AE/ day between the categories of FHHs and smallholders show no significant difference (site 1 p-value = 0.833, site 2 p-value = 0.119, site 3 p-value = 0.579). In site 2, FHHs are seen to produce more calories/AE/day from field crops, although this is not significant at the 10% level.
While this paper does not include the baseline results across all variations of the model, we observe in this step in model construction that profit-maximization does not necessarily characterize the behavior of smallholder farmers in Zambia. Instead, the maximization of either calorie production or the rate of return drives the model to make choices that better mirror reality. At the same time, profit-maximization does seem to adequately characterize emergent farmers that are presumably more oriented to the market.
This step also provides insight into the labor bottleneck for Zambian farmers: While the smallholder is often constrained at the time of land preparation, the emergent farmer is also constrained at the time of weeding or harvesting, particularly during the cotton harvest.
Results and discussion
Crop choice under climate change scenarios
To determine the optimal cropping choices under climate change, we next shock the models with a new set of expected yields for each activity, as calculated in Tables 11 and 12 . All other parameters and constraints are held constant, and results are given in Table 16 . Although yields under the Hadley and CCSM predictions do differ, the cropping choices under each scenario are extremely similar. This is probably because the crop yields respond in a parallel fashion under both scenarios. Thus, a preferred crop under the Hadley scenario is also preferred under the wetter CCSM scenario. for cotton is quadratic, so that the yield effect depends on both the baseline temperature and predicted temperature change at a given site.) Both the smallholder and emergent farmers shift their maize production toward MZ10 (hybrid without fertilizer), which is the maize regime that is least sensitive to climate change. Interestingly, the FHH does not alter its cropping pattern because it already produces cotton at baseline. In site 2, there is a similar shift toward cotton (emergent and smallholder farmers) and sunflower (emergent farmer). This is because sunflower yields are predicted to remain unchanged while cotton yields are predicted to increase. In addition, the production costs of cotton are lower than maize.
In site 3, the smallholder shifts from paddy rice to groundnuts, and both the smallholder and emergent farmers shift their maize production regimes to early tillage. This accommodates the labor requirements of other crops at the start of the growing season. Interestingly, although hybrid cassava (CAS2) yields are unaffected by climate change, the emergent farmer does not shift in that direction. The model does allocate slightly more land to groundnuts, sweet potato, and mixed beans.
Given these adjustments in cropping choices, farmers are able to reclaim or even gain calories that would otherwise be lost if the baseline cropping choices were maintained under climate change scenarios (Table   17 ). For example, under the Hadley scenario, the smallholder in site 2 would lose 7.17% of crop calories produced if they did not adapt to the new set of expected yields. By allocating more land toward cotton production, the farmer is able to recover 4.97% of calories and ultimately loses just 2.21% of calories.
The emergent farmer in site 1 would lose 8.69% of calories with baseline choices held constant, but with adaptation the farmer gains 1.44% of calories to achieve an even higher level of welfare.
Vulnerability to food shortfalls
We next estimate the probability that a smallholder household or FHH falls below an arbitrary threshold of 3,000 calories/AE/day of field crop production, as a function of variable climate outcomes each year.
The optimal cropping choices of each representative household are frozen, both at baseline and under each climate change scenario. We then run a Monte Carlo simulation in which climate variables enter the yield functions stochastically. For baseline, these climate variables are drawn randomly from the baseline fitted distributions of each climate variable (Figure 3) , and we assume that climate regressors are independent of one another. For future scenarios, we shift the baseline distributions to the new expected values while preserving the spread. These expected values are derived from the proportion changes of the Hadley and CCSM predictions relative to WorldCLIM (Table 11 ). The changes in proportion are then applied to the baseline average values in order to estimate a level change in rainfall amount, rainfall variation, and average temperature at each site. Climate variables are drawn randomly from these new distributions. Table 18 presents the average calorie production (or in the case of cotton, calorie acquisition) and probability of falling below the 3,000 calorie threshold. In sites 2 and 3, average calorie levels fall and vulnerability increases under climate change, with the most severe outcomes occurring under the Hadley climate predictions. This is not surprising, as Hadley predicts higher temperatures, lower rainfall, and a higher level of intra-seasonal rainfall variation, which generally result in lower crop yields. Thus, the vulnerability of a smallholder household in site 3 increases from 6.6% at baseline to 15.9% under CCSM and 20.3% under Hadley, even as cropping choices are optimized in each scenario. These results are also illustrated in Figure 4 with a series of cumulative density functions for the smallholder and emergent farmer in each site. For the emergent farmer in site 1, both climate change scenarios first-order stochastically dominate the baseline scenario. However, the opposite pattern is found in sites 2 and 3.
Site-level changes in crop output
An estimation of expected changes in aggregate crop production must account for the heterogeneous impacts of climate change on each household type. The final exercise in this paper is a back-of-theenvelope calculation of predicted changes in total calories produced/acquired and total kgs of maize produced in each site, with the number of households and proportion of smallholders and emergent farmers held constant (Table 19 ). Under the Hadley predictions, the shift away from maize results in a decrease in maize production of 70.48% (site 1), 67.38% (site 2), and 18.79% (site 3). However, because the representative farms adjust to climate change by selecting non-maize crops, total calorie production (or acquisition through cotton sales) increases by 3.69% (site 1) and decreases by just 9.38% (site 2) and 15.73% (site 3).
Conclusions
Several caveats should first be noted. This paper does not attempt to capture the other changes that will surely occur in Zambia, including population growth or an increasing commercial orientation of farmers.
While we aim to consider only the cropping options currently available to farmers, new options will undoubtedly be introduced within the next several decades. Although agriculture in site 3 is currently limited by a lack of animal draught power in the north, future technological advances may include better management of livestock disease or the widespread use of tractors in the region. As well, results in sites 1 and 2 are largely driven by increased yields of cotton, which is a cash crop that can only be translated into calories through the market. We implicitly hold constant the relative prices of maize and cotton.
However, the future price of cotton will be affected by conditions in cotton-growing regions worldwide, and this is not captured in the model. Furthermore, the model does not contain a safety-first constraint that would have restricted the household to produce adequate calories from non-cash crops. With such a constraint, the models would not be able to shift so freely toward cotton. Several additional caveats regarding the limitations of statistical yield models have been covered in section 6. Finally, our yield models only consider monthly precipitation. However, the relative cross-crop estimates of yield change may have differed had we been able to capture daily or dekadal intra-season variation in rainfall.
With these caveats in mind, several conclusions can be gleaned from this study. First, labor constraints seem to be an important baseline determinant of cropping decisions among emergent farmers, who, in reality, tend to leave fallow 23-60% of their land across the three sites. Second, FHHs do not necessarily experience lower calorie production from field crops, as compared with the larger category of smallholder farmers. While this focus on FHHs should not be conflated with a gender analysis of climate change impacts, it seems that FHHs are not necessarily the most vulnerable to climate shocks among Zambian households.
Third, the likely yield impacts of climate change will differ across crops and management in Zambia. For example, our statistical analysis indicates that sunflower and cassava will be relatively unaffected, while cotton may even benefit from rising temperatures. Farmers are therefore likely to adjust their cropping choices under a changing climate, and because the agricultural landscape differs from one region to another, rural households across Zambia will undoubtedly experience climate change differently.
Interestingly, maize grown with fertilizer seems to be more sensitive to climate shocks, thereby reducing the benefit of fertilizer use. While fertilizer can considerably improve yields, it may not be a solution to the threat of climate change.
Fourth, the potential for on-farm adaptation to offset the negative effects of climate change should not be ignored. Farmers in sub-Saharan Africa regularly cope with climate variability by adjusting their management strategies (Twomlow et al. 2008) , and it should be expected that they will adapt to a changing climate in the same manner. Under the Hadley predictions, representative smallholder farmers are able to mitigate the negative yield effects of climate change by recovering or gaining 4.92 to 7.39% of calories (2.95 to 9.79% under CCSM) that would otherwise be lost without adaptation. Fifth, while the benefits of autonomous adaptation are non-negligible, it is not enough to completely negate the negative effects of climate change in sites 2 and 3. This underscores the importance of larger-scale changes such as the design of heat-tolerant crop varieties, development of irrigation infrastructure, and agricultural policies that reduce risk for smallholder farmers. Under a changing climate, farmers will require new and better options within their choice set.
Sixth, results of this study suggest that farmers will still be able to meet their food needs in the future.
However, farm-households will experience heightened vulnerability to food shortfalls under climate change, particularly in site 3. Furthermore, it is generally expected that climate extremes will become more common in the future (IPCC 2013) . In other words, the distribution of climate variables will gain "fatter tails", which renders our calculation an underestimate of future vulnerability. The implication seems to be that households will be more secure with a more diverse agricultural or livelihood portfolio.
Future directions for research may include the incorporation of uncertainty into the estimates of yield change. The Monte Carlo simulation can be improved with a more nuanced understanding of how climate variables are correlated. For example, rather than treating them as independent, they might be selected from a copula. We also hope to use the farm-household models to investigate the potential for minimum tillage techniques to offset the negative yield effects of climate change. This will shed light on the present-day constraints on adoption of these management strategies. Finally, we will explore the impact of government policies to promote maize production in light of the expected cross-crop yield effects of climate change. Figure 1 . Study sites : CFS 2011 and 2012 (maize, cassava, and rice) , Siegel and Alwang (2005) (other crops), focus groups (timeline of agricultural tasks) SS 2004 and RALS 12 (fertilizer); CFS 2012 (seed, plough prices) ; RALS 12 (seed/ha) Note: Cassava kgs/ha in site 3 estimated from the value for sweet potato. SS 2004 , CFS 2008 
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